We study time evolution of the relationship between sunspot numbers and global temperatures between 1880 and 2016 using wavelet coherence framework. The results suggest that the relationship is stable in time. Changes in the sunspot numbers precede changes in the temperatures by more than two years as suggested by the wavelet phase differences. This leading position of the sun activity is stable in time as well. However, the relationship has been disturbed by increasing CO 2 emissions since 1960s. Without controlling for the effect of possible global warming, or more precisely the positive connection between increasing CO 2 emissions and the global temperatures, the findings would have been quite different. Combination of the cointegration analysis and wavelet coherence framework has enabled uncovering a hidden relationship between the solar activity and global temperatures, and possibly explaining equivocal results in the topical literature.
Introduction
Relationship between global climate and solar activity has been a topic of lively research activity for decades now [1] [2] [3] [4] . Specifically the relationship between global temperatures and number of sunspots, as a proxy of solar activity 1 , has started a new wave of discussion recently [6, [9] [10] [11] [12] [13] [14] . The research question is usually not aimed simply to correlation between the two series but specifically whether the dynamics of solar activity precedes (leads or sometimes even causes) the temperature dynamics. A more detailed insight aims at potential non-linearity, structural changes in the relationship and cyclical behavior. In his early review, Pittock [1] summarizes that correlations are found on a scale of days but only weak ones at the level of characteristic sunspots cycles of 11 and 22 years while calling for a higher standard in statistical treatment of the issue. More than 30 years later, Pittock [15] is still rather pessimistic about the ability of solar activity to explain variation in global climate and global temperatures in particular mainly due to a problematic treatment of very long cycles in both sunspot numbers and global temperatures which, in addition, do not overlap. The cyclical properties of both time series are so important that most of the empirical analyses are based in the frequency domain.
Controversies in the literature are nicely illustrated by two recent discussions. In the first one, Gil-Alana et al. [11] find that both series are fractionally integrated but of a different order and with a different dominant frequency by which they infer that this is a sing of no significant relationship between the two. Scafetta [12] directly reacts to Ref. [11] and opposes that these differences are primarily induced by non-stationarities and cyclical components of the series and argues that indeed there is a relationship between solar activity and surface temperatures, yet non-linear. This has lead to some further interest in testing non-linear causality between the series [13, 14] . And in the second one, Scafetta & West [16] identify corresponding Lévy components in both solar and temperature data, inferring a link between them. Rypdal & Rypdal [9] argue that when trends and moments scaling are taken into consideration, the link is gone. Scafetta & West [10] strike back arguing that the reasoning presented by Ref. [9] is methodologically incorrect and they point to some further evidence based on spectral coherence [17] .
These disputes suggest several issues for this specific relationship. First, the results are strongly methodology-dependent. Second, cyclical components and trends play an essential role. Third, there are potential non-linearities in the link. And fourth, the relationship might be changing in time (the results differ for specific datasets). Here we propose to utilize a methodology that can overcome all the mentioned issues -continuous wavelet coherence analysis. The methodology allows to study the relationship both in time and across frequencies in addition to its in-built robustness towards cyclical components and time trends. The following section gives a brief description of the wavelet coherence analysis. And the next two sections describe the analyzed dataset in detail and bring 1 Note that sunspots number is not a perfect proxy of solar activity as documented in the literature [5] [6] [7] [8] . However, we still use the proxy due to data availability and comparison with other studies reviewed later, which utilize number of sunspots as well.
forward the results finding a structural break in the relationship between sunspot numbers and global temperature around year 1960 as well as discussing its connection to increasing emissions of carbon dioxide and temperatures in general in the same period of time.
Wavelet analysis and wavelet coherence
Wavelet analysis can be used to decomposes a time series into several components with respect to their time and scale properties. Similarly to the Fourier analysis, wavelets can detect dominant cycles of the series at specific scales (frequencies). In addition to this scale perspective, wavelets broaden the decomposition and location into the time domain as well and they thus provide much richer information about dynamic properties of the analyzed series.
For time series {x t }, wavelet ψ u,s (t) is a real or complex-valued function defined as
with a scale parameter s and a location parameter u. The original series {x t } can be fully recovered from its wavelet transform W x (u, s) defined as
where * represents a complex conjugate operator preventing an information loss during the transformation [18] . The integral above measures the degree of similarity between the wavelet shape and {x t }. As wavelets can be either real or complex, wavelet power |W x (u, s)| 2 is usually preferred in empirical applications as a parallel to variance. High levels of wavelet power identify dominant regions in the time-frequency space, i.e. dominant frequencies of the analyzed time series for a given time point.
The above described wavelet framework can be generalized into a bivariate (or in general multivariate) setting which allows to study connection between various time series and its evolution in time and across scales. Specifically for the bivariate setting, wavelet transform is generalized into cross-wavelet transform
where W x (u, s) is wavelet transform of series {x t } and W * y (u, s) marks a complex conjugate of wavelet transform of series {y t } [19] . Specifically, we utilize the Morlet wavelet ψ M (t) = 1 π 1/4 e iω 0 t e −t 2 /2 with a central frequency ω 0 = 6 which provides an optimal balance between time and frequency components [20, 21] . As the Morlet wavelet, but also most of the cross-wavelet transforms, is complex, the cross-wavelet power is given by |W xy (u, s)| in the same line as the wavelet power |W x (u, s)| 2 . The cross-wavelet power is usually interpreted as a measure of local covariance between two series at a given frequency. However, its strength cannot be easily utilized for a detection of significant co-movement detection as it is not bounded. As this limitation is parallel to the limitation of standard covariance, the solution is again in the same logic. Analogously to correlation, the squared wavelet coherence is introduced as
where S is a smoothing operator [22, 23] . The squared coherence R 2 xy ranges between 0 and 1, and it corresponds to the usual squared correlation coefficient but here for specific time and frequency. Therefore, we get a value of squared coherence for each combination of a time point and scale. In practice, such correspondence is illustrated by a heat map where the squared coherence values are represented by different colors or shades for scaling purposes. In addition, the statistical significance of the coherence is tested using the Monte Carlo simulations, specifically, we test statistical significance against the null hypothesis of a red noise, i.e. an autoregressive process of order one. We return to this representation and more details in the Data and the Results sections when describing the results.
The imaginary part of the cross-wavelet transform W xy is not translated into the squared coherence due to the absolute value in the numerator of Eq. 3. The phase difference ϕ xy , specified as
with R and I representing the real and imaginary part operators, respectively, helps retrieve this information. In practice, the phase is represented by an oriented arrow. For a specific time point and scale, an arrow pointing to the right suggests positive correlation between series (an in-phase relationship), and a left-oriented arrow suggests a negative correlation (an anti-phase relationship). A down-pointing arrow means that the first series leads the second series by π/2 and an upward-oriented arrow stands for the second series leading the first one by π/2. The orientations in between these four extremes are interpreted accordingly. We again return to the interpretation when analyzing the empirical data in the Results section.
Data description
We analyze the relationship between global temperatures and number of sunspots, specifically whether the changes in number of sunspots cause (or precede) changes in the temperatures. In addition, we are interested in possible time dependence of this dependence and its scale properties. Wavelet coherence framework described in the previous section provides an ideal environment for such analysis. For the temperatures, we use the dataset provided by the Goddard Institute of Space Studies (GISS) of NASA 2 , specifically the global temperatures, and the temperatures for the northern and southern hemispheres separately. The time series are provided at monthly frequency between January 1880 and May 2016 (1637 observations) and they represent deviations from the 1951-1980 average with a scale of 0.01
• C. Sunspot numbers series is obtained from the Solar Influence Data Analysis Centre (SIDC) 3 and they cover monthly averages for the same period. The four analyzed series are illustrated in Fig. 1 . The sunspot numbers follow a strongly cyclical pattern with a varying amplitude but stable frequency. This is further supported in Fig. 2 which shows wavelet powers for the analyzed series. The sunspot numbers show a dominant scale around 128 months, i.e. approximately 10 or 11 years, which is remarkably stable in time. This dominant cycle of sunspot numbers is in hand with results in the topical literature [1] . In the figure, the hotter the color, the higher the power. Thick black curve separates statistically significant and insignificant areas with respect to a null hypothesis of a red noise (i.e. an autocorrelated process with no dominant scale/frequency). The cone of influence represented by separating the time-scale domain into pale and full colors distinguishes a reliable (full colors) and an unreliable (pale colors) area of the domain due to wavelet stretching at high scales (low frequencies). The temperature series follow a similar pattern with respect to each other. They are all quite stable up till 1960 when an evident upward trend starts and keeps up until the end of the analyzed period. This upward trend is usually labelled as the global warming. We touch this later when discussing the results. The wavelet powers for the temperature series show no dominant scales, none of them is statistically significant even though we observe some large regions with high powers. This suggests two possibilities -there either really is no dominant scale or the dominant scale is higher than 512 months (i.e. approximately 42 years), which cannot be detected by the wavelet analysis. Obviously only longer time series can answer this dilemma. Nevertheless, answering whether these upward trends are a sign of anthropomorphic global warming or a cyclical component with a very low frequency is not necessary for examining the relationship between the sunspot numbers and global temperatures [24, 25] . Either way, these series have no common dominant scale in the analyzed range, i.e. below 512 months.
Results
Looking at the wavelet coherence between sunspot numbers and temperatures in Fig.  3 , we observe several interesting findings. First, the strength of dependence differs for the northern and southern hemisphere temperatures, it is stronger for the former and weaker for the latter. Second, the most prominent region with statistically significant wavelet coherence is identified at scales around 256 months (between 21 and 22 years). However, this relationship is significant only up to approximately 1960. Other regions are only short-lived and they can be attributed to noise. Note that this relationship is observed mainly for the northern hemisphere temperatures and it is practically gone for the southern hemisphere. Third, there is a straightforward interpretation of the phase relationship between the series. In Fig. 3 , only arrows connected to wavelet coherence above 0.5 are shown. When looking at the significant region with the characteristic scale around 256 months, we observe that the arrows point southeast. This means that at this given scale, the sunspot number leads the temperature with a lead of approximately π/4, i.e. between 2 and 3 years, and these are positively correlated (in-phase). The increased solar activity, approximated by the number of sunspots, thus has a direct positive effect on the global temperatures, but with a pronounced lag. Such result is again more visible for the northern hemisphere temperatures.
The outcome of the wavelet coherence analysis is straightforward -the solar activity measured by the sunspot numbers has a positive lagged effect on global temperatures. However, based on this bivariate analysis, such connection is observed only until approximately 1960. Looking back at Fig. 1 , this overlaps with the time period of quite stable global temperatures. However, when the temperatures start to increase, the dependence between sunspot numbers and temperatures seems to vanish. As the phenomenon of the global warming is usually connected with increasing concentrations of carbon dioxide (CO 2 ), we turn to this possible connection as well. Fig. 4 shows the evolution of annual emissions of CO 2 4 between years 1880 and 2013 based on the Carbon Dioxide Information Analysis Center database 5 . At the time of our analysis, the time series was available only up till 2013 and we proceed with a slightly reduced dataset hence. In the figure, we observe that CO 2 emissions are quite stable or slowly growing until approximately 1940. Since 1940, there has been a strong increasing trend which practically overlaps with the increasing global temperatures and weakening connection between the sunspot numbers and the temperatures. Controlling for the influence of CO 2 emissions could shed light on the true underlying relationship between sunspot numbers and global temperatures.
The time series of CO 2 emissions as well as the three temperature series are nonstationary (according to the Augmented Dickey-Fuller test [26] and the KPSS test [27] ), which is well documented in the literature [30] [31] [32] [33] [34] [35] , and they are even cointegrated 6 (according to the Engle-Granger test [28] and the Johansen test [29] ). This implies that CO 2 and global temperatures tend to a common statistical equilibrium and return to common dynamics in a case of short-term deviations. Apart from the obvious interpretational importance, cointegration has crucial implications for estimation as well. For cointegrated series, we can apply standard least squares procedure which is super-consistent for this setting. We thus regress temperatures on CO 2 emissions and keep the residuals as deviations from the equilibrium relationship representing temperature dynamics after controlling for the effect of CO 2 emissions. This way, we can study the relationship between sunspot numbers and global temperatures as if there was no effect of CO 2 emissions.
The emissions time series has an annual frequency which implies that we need to lower the frequency for the sunspot numbers and temperatures as well. From the original series, we form annual averages of all four series of interest (sunspot numbers and three temperature series). Resulting wavelet coherences between the sunspot numbers and temperatures corrected for the effect of CO 2 emissions are shown in Figs. 5-7. As the frequency has been changed, we present the results both for the original temperatures and for the CO 2 -corrected temperatures. The results are straightforward and strong. After controlling for the effect of the CO 2 emissions on temperatures, the dependence between sunspot numbers and temperatures increases considerably. Importantly, the connection is now statistically significant even for periods after 1960. The dominant scale overlaps with the one for original series, i.e. around 21-22 years. The correlation between series is positive and the changes in sunspot numbers precede the changes in temperatures, which is represented by phase arrows pointing southeast for the significant periods. In the same manner as for the original series, the relationship is much stronger for the northern hemisphere temperatures with statistically significant connection over the whole analyzed period (Fig. 6) . Even though the coherence increased for the southern hemisphere as well, there is no statistically significant connection at scales above 16 years (Fig. 7) . The presence of oriented arrows at scales above 16 years suggests that the squared wavelet coherence is above 0.5 there, i.e. strong but not statistically significant. The relationship for the global temperature (Fig. 5) in a way represents an average between the southern and the northern hemisphere with statistically significant connection between the sunspot numbers and temperatures for almost the whole analyzed period. For the significant regions, the connection is positive and changes in the solar activity precede changes in the global temperatures.
To provide a deeper insight into these results, we perform Granger causality tests in both time and frequency domains. In the time domain, the standard Granger methodology [36] is utilized. In Table 1 , the results are summarized. These are presented for two types of relationships -for the original series and for the ones with the CO 2 influence controlled for. There is no Granger causality between sunspot numbers and temperatures. This is not surprising as the standard time domain test does not take the scale (frequency) characteristics into consideration and thus practically averages the connection over all scales. Using methodology of Breitung & Candelon [37, 38] , we are able to test the Granger causality for specific scales or specific scale regions. Based on the results of the wavelet coherence analysis presented above, we split the scales into two regions -below and above 16 years -and test for Granger causality between sunspot numbers and temperatures for each region 7 . No Granger causality is found for scales below 16 years (with the testing statistics of 0.0064 and 0.0070 for original series and CO 2 -corrected series, respectively, and the 90% critical values of 0.0110 and 0.0109, respectively). For the scales above 16 years, the Granger causality is identified (with the testing statistics of 0.0127 and 0.0126 for original series and CO 2 -corrected series, respectively, and the 90% critical values of 0.0110 and 0.0109, respectively). The changes in sunspot numbers thus Granger-cause the changes in land temperatures for scales above 16 years.
Conclusion
In summary, the results suggest that the relationship between the solar activity, approximated by the sunspot numbers, and global temperatures is stable in time. Changes in the sunspot numbers precede changes in the temperatures by more than two years as suggested by the wavelet phase differences. This leading position of the solar activity is stable in time as well. However, this relationship has been disturbed by increasing CO 2 emissions since 1960s. Without controlling for the effect of global warming, or more precisely the positive effect of increasing CO 2 emissions on the global temperatures, the findings would have been different and, more importantly, biased. Combination of the cointegration analysis and wavelet coherence framework enabled uncovering a hidden relationship between the sunspot numbers and global temperatures. The right figure shows the relationship between the sunspot numbers and temperature corrected for the CO 2 effect using the cointegration framework. Other notations from Fig. 3 hold here as well. The left figure copies the left part of Fig. 3 but the right figure uncovers much stronger relationship between analyzed series. Not only are the significant regions larger but the connection between the two series is statistically significant even after 1960. This suggests that the CO 2 emissions increase after 1960 has adjusted the overall relationship between the global temperatures and sun activity. Figure 6 : Squared wavelet coherence between sunspot numbers and northern hemisphere temperatures after controlling for the CO 2 effect. Notations from 5 hold here as well. Qualitatively, the results are very similar to the relationship between sunspot numbers and global temperatures. However, the connection is much stronger for the northern hemisphere. Figure 7 : Squared wavelet coherence between sunspot numbers and southern hemisphere temperatures after controlling for the CO 2 effect. Notations from 5 hold here as well. Qualitatively, the results are very similar to the relationship between sunspot numbers and global temperatures. However, the connection is much weaker for the southern hemisphere and the connection is mostly insignificant.
